The University of Maine

DigitalCommons@UMaine
Honors College
Spring 2019

Sunshine on a Cloudy Day: Evidence in Support of a Moving
Average Strategy Across Down Markets Using ETFS
John Kay
University of Maine

Follow this and additional works at: https://digitalcommons.library.umaine.edu/honors
Part of the Finance and Financial Management Commons

Recommended Citation
Kay, John, "Sunshine on a Cloudy Day: Evidence in Support of a Moving Average Strategy Across Down
Markets Using ETFS" (2019). Honors College. 510.
https://digitalcommons.library.umaine.edu/honors/510

This Honors Thesis is brought to you for free and open access by DigitalCommons@UMaine. It has been accepted
for inclusion in Honors College by an authorized administrator of DigitalCommons@UMaine. For more information,
please contact um.library.technical.services@maine.edu.

SUNSHINE ON A CLOUDY DAY: EVIDENCE IN SUPPORT OF A MOVING
AVERAGE STRATEGY ACROSS DOWN MARKETS USING ETFS
by
John Kay

A Thesis Submitted in Partial Fulfillment of
the Requirements for a Degree with Honors
(Finance)

The Honors College
University of Maine
May 2019

Advisory Committee:
Matthew Skaves, Lecturer in Finance and Accounting, Advisor
Henri Akono, Assistant Professor of Accounting
Stephen Jurich, Assistant Professor of Finance
Robert Klose, Professor of Biological Sciences, UMAB and Preceptor in the
Honors College
Stefano Tijerina, Lecturer in Management

ABSTRACT

This study is motivated by the theoretical framework that suggests market timing and
other algorithmic trading strategies can add value in some aspects of the investment and
portfolio management process. This study examines whether a moving average crossover
strategy can outperform a buy and hold strategy across a set of stock portfolios.
Although the algorithm used in this study is likely to underperform over the long run, the
end-of-year selloff in 2018 revealed that moving average trading strategies add value
during down markets. Consistent with Marshall et al. (2012) and Han et al. (2012), this
study finds that the performance of the algorithm is amplified by the annual return,
standard deviation, and downside deviation of the underlying portfolios of stocks. Where
the preceding studies examine stock indices, this study examines exchange traded funds
(ETFs) across six categories based on market capitalization: total market, mega cap, large
cap, mid cap, small cap, and micro cap. The study finds that the algorithm outperforms
the conventional buy and hold strategy across all ETFs during the observed down
markets. Additionally, the study finds that the algorithm outperforms the most on the
ETFs that experience the greatest selloffs. In conclusion, the study is optimistic about the
use of trading algorithms to reduce the impact of market selloffs on investment returns.
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CHAPTER 1

INTRODUCTION

Throughout the history of the United States equity market, bull markets have lasted
about 97 months on average. The current bull market has lasted about 119 months.
Throughout the course of this study, the yield curve inverted for the first time since 2007.
This study is motivated by the effort to identify trading algorithms that add value during
recessionary periods. In doing so, this study examines the performance of a trading
algorithm relative to a conventional buy and hold strategy employed on the same set of
investments. The investment selection is comprised of the most actively traded Exchange
Traded Funds (ETFs) that represent the six categories of the United States equity universe
by market capitalization: total market, mega cap, large cap, mid cap, small cap, and micro
cap.
The methodology employed in this study is motivated by two studies that divide
the United States equity universe into a variety of indices made available by the Center for
Research in Security Prices (CRSP). In the first, Marshall, Nguyen, and Visaltanachoti
(2012) uses CRSP value-weighted size quintile indices and observes the performance of
both moving average and TSMOM strategies across these indices. In the second, Han, Yan
and Zhou (2012) examines the impact of return volatility, among other proxies for
information uncertainty across stocks, including size, distance to default measure, credit
rating, analyst forecast dispersion, and income volatility. The study ranks the performance
of trend following strategies employed on each of the deciles within each category. Both
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studies find consistent outperformance when organizing the results by the observed
variables.
The intention of this study is to apply a similar methodology as Marshall et al.
(2012) and Han et al. (2012) to exchange traded portfolios of stocks. In doing so, the study
examines a population of 20 ETFs that represent a range of weighted-average market
capitalization. Over the period examined in this study, the weighted-average market
capitalization of the ETFs corresponded with the level of standard deviation of returns.
When comparing the group averages by asset class, the small cap ETFs were consistently
more volatile than the large cap ETFs. In fact, when separately ranking the groups by
standard deviation and inversely by weighted-average market capitalization, the groups
have the same rank in both samples.
With this being the case, the study adheres to the framework that suggests return
volatility is demonstrative of information uncertainty, which tends to be higher across
smaller companies. Another motivating concept is that the impact of information
uncertainty is not lost when stocks are organized into portfolios. Market capitalization
corresponds to return volatility throughout the period examined, allowing the study to use
these factors as proxies for information uncertainty during this period. In doing so, this
study examines the impact of information uncertainty on the performance of the trading
algorithm relative to the conventional buy and hold strategy across the ETF population.
The study examines the relationship between variables such as annual return, standard
deviation, and downside deviation, and the relative performance of the trading strategy.
The study finds that the performance of the trading algorithm relative to the
conventional buy and hold strategy is positively correlated with all three of these variables.
2

For example, the more volatility experienced by the buy and hold strategy, the better the
algorithm performs relative to the buy and hold strategy. The same is true with downside
volatility and to the greatest degree, annual returns. Additionally, during periods of
heightened market selloffs, the algorithm outperforms the most on ETFs that experience
the worst selloffs. In the 1-year period observed, the mid cap, small cap, and micro cap
ETFs were the most volatile and experienced the worst selloffs. This allowed the trading
algorithm to outperform the buy and hold strategy to a greater degree than the larger, less
volatile ETFs. In conclusion, the study is optimistic about the idea of employing a moving
average trading strategy in late stages of the market cycle. In the event of a market selloff,
the strategy would provide downside protection which would benefit the investor the most
across his/her riskiest investments.
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CHAPTER 2

LITERATURE REVIEW

Researchers have long debated the efficacy of technical analysis. Technical analysis is
a trading discipline that involves the evaluation of mathematical trends gathered from
trading activity, such as price movement and volume, to identify trading opportunities. The
discipline is made up of a large collection of trading strategies that vary in complexity and
popularity. Our research begins with the work of Brock, Lakonishok and LeBaron (1999).
The 1999 study examines a population of 26 technical trading strategies divided into two
general categories: moving averages and trading-range breakouts. Brock et al. (1999)
defines these two categories as the simplest and most widely used technical trading rules.
Our study is primarily concerned with moving averages. In summary, Brock et al. (1999)
supports the empirical research suggesting that technical trading rules maintain some level
of predictive power.
Chang, Ilomaki, Laurila, and McAleer (2018) illustrate how the size of the trailing
windows used in moving average trading strategies impacts financial performance when
risk is measured. Observing that the performance of the trading strategy improved, on
average, when the rolling window was expanded, Chang et al. supports the predictability
of stock returns in the long run. Tapa, Yean, and Ahmad (2016) illustrate the performance
of a variety of modified and unmodified moving average trading strategies on the
Malaysian equity market. The study suggests that the original MA crossover strategy
outperforms the conventional buy and hold strategy based on return, risk-adjusted return
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(higher Sharpe ratio) and minimal drawdown, supporting the idea that trend following
strategies can enhance investment returns. Since the early 21st century, there have been
numerous other studies that support the efficacy of trend following strategies in enhancing
investor returns (Brown and Jennings, 1989; Wilcox and Crittenden, 2009; Zhu and Zhao,
2009; Neely et al., 2014).
Despite the results of these studies, there is a body of research that suggests the
predictability traits observed in the 2018 study and the returns observed in the 2016 study
are anomalistic and not representative of most situations. In fact, these studies are recent
examples of a debate that originated in the 1960s with the development of the “random
walk” and “efficient market hypothesis (EMH)” framework (Malkiel and Fama, 1970).
This framework suggests that asset prices change based on the release of new information.
As the flow of information is random, the corresponding price changes are random, and
thus follow a “random walk.” Advocates of this theory argue that all past information is
reflected in an asset’s price, leaving no opportunity for investors to earn above-average
returns through the examination of past price information alone. Thus, at the weak form of
market efficiency, advocates in favor of the EMH framework suggest technical analysis
adds no value to investment strategies.
Fama and Blume (1996) finds that technical analysis and the related concept of
market timing are unsuccessful in generating excess returns. Olson (1999) suggests that the
ability to generate statistically significant excess returns in the currency markets through
the use of moving average trading strategies has been eliminated over time. Further,
Hutchinson and O’Brien (2014) illustrate that trading rule profits suffer by a substantial
margin relative to the conventional buy and hold strategy, when employed in periods
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immediately following recessions. Sullivan et al. (1999) employ an advanced
bootstrapping methodology to observe the data-snooping bias of past studies. They
conclude that preceding studies in support of technical analysis are guilty of data snooping
bias, and that moving average strategies do not outperform conventional buy and hold
strategies after considering transaction costs.
However, as demonstrated by Chang et al. (2018) and Tapa et al. (2016), the debate
that originated in the 1960s is still a point of contention for researchers today. Additionally,
it is important to note that the debate does not exist solely in financial economic literature.
Major brokerage firms often publish commentaries based on technical analysis, while
prominent traders employ technical analysis in some aspect of their trading decisions
(Shwager, 1995).
Despite all these studies to the contrary, there is a body of literature that contends
that technical trading strategies do add value to the investment process in a variety of ways.
For example, Wilcox and Crittenden (2009) are optimistic about the use of trend following
trading techniques, and they illustrate a strategy that yields significant return on average.
In a 2009 study, Zhu and Zhou (2009) examine the moving average rule and provide
theoretical justification for investors to consider it in their asset allocation strategies. The
study concludes that investors can add value to their asset allocation strategy through using
technical indicators such as moving averages.
Additionally, a study composed by Neely et al. (2014) is optimistic about the use
of technical indicators to aid the process of forecasting the U.S. equity risk premium. Neely
et al. (2014) notice the fact that historical research favors the use of macroeconomic
variables to accomplish this goal, while little attention is paid to the use of technical
6

indicators. In reality, there is range of practitioners that employ both approaches (Shwager,
1995). Neely et al. (2014) illustrates that technical indicators display statistically and
economically significant in-sample and out-of-sample forecasting power, matching or
exceeding that of macroeconomic variables. The study observes that, “technical indicators
better detect the typical decline in the equity risk premium near business-cycle peaks, while
macroeconomic variables more readily pick up the typical rise in the equity risk premium
near cyclical troughs,” and concludes that when information from both technical indicators
and macroeconomic variables is combined, it significantly improves equity risk premium
forecasts versus using either type of information alone.
Hutchinson and O’Brien (2014) were among the first to illustrate the performance
of trend following trading strategies in periods during and after recessions. As observed by
the study, trend following performance tends to be weak for the first four years after a
global financial crisis on average (Hutchinson and O’Brien, 2014). In fact, the study
indicates that in periods following financial crises, the average returns of trend following
strategies are less than half of those in no-crisis periods. Further, in the first twenty-four
months following the start of a crisis, trend following strategies produce nearly one third
of the return earned in no-crisis periods. Although the intention of the study is to suggest
environments in which trend following strategies underperform, the study allows the
optimistic market technician to alter his/her trading strategy to account for the new
research, and perhaps convert to a buy and hold strategy during the first few years after a
global recession.
In a study, Olson (1999) examines the decline of moving average trading rule
profits used in the currency markets over the period from 1971 to 2000. His results indicate
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that risk-adjusted trading rule profits declined by an average of over 3% in the late 1970s
and early 1980s to about zero in the 1990s. Further, the results show that the trading rules
produced statistically significant risk-adjusted profits in the 1970s, positive but often
statistically insignificant profits in the 1980s, and essentially zero profits in the 1990s. The
study suggests that market inefficiencies reported in previous studies may have been only
temporary inefficiencies.
The intent of Olson (1999) is to illustrate that the statistically significant excess
returns once observed by moving average strategies have essentially disappeared over time.
When analyzing empirical research on technical analysis, it is important to distinguish the
type of strategies examined in each study. For example, the results observed by Olson
(1999) were generated by a set of trading strategies that relied on the calculation of simple
moving averages. As suggested by their name, simple moving averages are relatively
simple in design. They are calculated by finding the mean price of an asset over a set of
preceding days. Although they demonstrated statistically significant returns for investors
through the 1970s, their performance has significantly waned throughout the 1980s and
1990s.
To date, given the amount of research both for and against technical trading
strategies, it remains inconclusive as to whether or not trades based on technical indicators
can provide value to investors. Even Sullivan et al. (1999), which sought to answer the call
of Merton (1987) for an effective remedy to control for the data-snooping biases present in
the observation of trading strategy performance, has its flaws. Within the study, Sullivan
et al. (1999) illustrate a capable, multi-factor bootstrap methodology and apply it to the 26
technical trading rules suggested by Brock, Lakonishok, and LeBaron (1992), and illustrate
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that the results of the 1992 study appear to be from data-snooping. They expand the
population of 26 trading rules to a universe of 7,846 trading rules and conclude that the
moving average trading rules that the study examines do not outperform the conventional
buy and hold strategy after the consideration of transaction costs.
Although Olson (1999) and Sullivan et al. (1999) conclude against the ability to
generate excess returns by using moving average strategies, the optimistic market
technician may interpret the results of the two studies as motivation to continue innovating
new strategies, rather than relying solely on historically successful ones. Inadvertently, the
studies might encourage the optimistic market technician to take full advantage of any
proprietary trading strategies he or she might have, as the value added by such strategies
may not last forever.
Illustrating the growing complexity of approaches to technical analysis, Jegadeesh
and Titman (2000) applies modern computational algorithms with more effective pattern
recognition capabilities to assess the efficacy of technical analysis. More specifically, the
study uses smoothing techniques such as nonparametric kernel regression to capture the
essence of technical analysis, which is defined as the identification of “regularities in the
time series of prices by extracting nonlinear patterns from noisy data.” Jegadeesh et al.
(2000) find that certain technical patterns, when applied to a population of stocks over a
variety of time periods, do provide incremental information. The study does not imply that
technical analysis can be used to generate “excess” trading profits, but rather it raises the
possibility that technical analysis can add value to the investment process. Noting the
continuous advances in statistical learning theory, Jegadeesh et al. (2000) suggest that
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technical analysis may be the next frontier for the successful application of patternrecognition algorithms used to optimize specific objective functions.
Consistent with Brock et al. (1992), Sullivan et al. (1999), and Jegadeesh et al.
(2000), certain trend following strategies maintain, at a minimum, some impermanent
degree of predictive capability. However, as suggested earlier, Sullivan et al. (1999) and
the majority of related studies that precede 2012, have one flaw that we are attempting to
examine throughout this study, which is the fact that they are limited to the sole
examination of large cap stock indices. For example, Brock et al. (1992) illustrates the
performance of moving average strategies on the Dow Jones Industrial Average (DJIA).
However, there is a theoretical basis for the assumption that trend following
strategies should outperform on portfolios that represent other than large cap stocks. This
assumption is based on principles surrounding the ability of moving average strategies to
capture price continuation, and the degree to which small cap stocks are less efficiently
priced than large cap stocks. To explain the latter, Zhang (2006) illustrates that information
uncertainty can be measured by the standard deviation of returns, which leads to more often
periods of short-term price continuation. Further, the study finds that in the case of greater
information uncertainty, there will be a higher level of underreaction to public information
by investors, and thus a higher level of stock price continuation.
Bhushan (1989) presents a simple model of analyst following and illustrates that
analysts focus primarily on large cap stocks. Hong, Lim, and Stein (2000) support the
hypothesis that firm-specific information diffuses slowly across the investing public.
Further, the study illustrates that momentum strategies work better on stocks with low
analyst coverage, suggesting that “stocks with lower analyst coverage should, all else
10

equal, be ones where firm-specific information moves more slowly across the investing
public” (Bhushan, 1989). Smaller companies tend to be less widely followed by
professional analysts.
Marshall et al. (2012) and Han, Yan and Zhou (2012) are motivated by the same
framework but examine portfolios of stocks rather than individual stocks. The majority of
preceding empirical studies focus on large stock indices or populations of individual stocks.
The two 2012 studies use a variety of indices made available by the Center for Research in
Security Prices (CRSP) to divide the equity universe into certain categories. For example,
Marshall et al. (2012) uses CRSP market value-weighted size quintile indices and observes
the performance of both moving average and TSMOM strategies across these indices. Han,
Yan and Zhou (2012) test the impact of volatility on trading strategy performance, using
multiple proxies to demonstrate information uncertainty across stocks, including size,
distance to default measure, credit rating, analyst forecast dispersion, and income volatility.
The study ranks the performance of trend following strategies employed on each of the
deciles within each category. Both studies find consistent outperformance when organizing
the results by the observed variables.
The CRSP indices are excellent for research purposes as they represent even
distributions of the United States equity market. For this reason, they are often utilized in
empirical literature for the cross-sectional examination of the United States equity market.
However, this study examines exchange-traded portfolios of stocks (ETFs) and seeks to
determine if the results are consistent with a different type of stock portfolio.
Thus, the intent of this study is to examine the performance of the algorithm across
a more liquid and actively traded population of ETFs. In doing so, this study uses market
11

capitalization and standard deviation of returns as proxies for information uncertainty and
observes the influence of information uncertainty on the performance of the algorithm
relative to the conventional buy and hold strategy. In order to represent information
uncertainty, this study uses a testing population of the most actively traded core equity
ETFs across a range of weighted average market capitalization. We categorize the sample
into groups based on market capitalization, including mega cap, large cap, mid cap, small
cap, and micro cap. If one were to separately rank the groups from largest to smallest in
terms of weighted average market capitalization, and then from least to greatest in terms
of average annual standard deviation over the period used in this study, the groups would
have the same rank in both observations. In other words, the largest group of ETFs in terms
of weighted average market capitalization, was also the least volatile over the past 11 years,
whereas the smallest group of ETFs was the most volatile.
We then run a variety of linear regressions to determine factors that may be driving
the performance of the trading algorithm relative to the conventional buy and hold strategy.
We do this by observing the annual returns, standard deviation, and downside deviation of
the buy and hold strategy, and testing the level of correlation between these variables and
the relative performance of the trading algorithm. For example, the study attempts to
determine the impact on the relative performance of the algorithm when the buy and hold
strategy experiences periods of heightened standard deviation. Within those periods, we
then examine the ETFs that did the best.
For simplicity, the strategy employs a 10-day exponential moving average (EMA)
which is a proxy for a two-week trading period, and a 50-day moving average, which is a
commonly used proxy for a two-month trading period. Specifically, this study examines
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the performance of the algorithm relative to a conventional buy and hold strategy employed
on the same set of assets and observes the sensitivity of these returns to factors like market
capitalization and return volatility.
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CHAPTER 3

HYPOTHESIS

The overarching hypothesis of the study suggests that a moving average crossover
strategy can outperform a conventional buy and hold strategy during down markets, and
that the outperformance during those periods is magnified by the level of information
uncertainty across the investments being tested. In order to examine this hypothesis, the
study develops two levels of hypotheses, with three hypotheses in each level. For
simplicity, this study refers to the algorithmic trading strategy as the In&Out strategy, while
referring to the conventional buy and hold strategy as the Buy&Hold strategy. The study
lists the hypothesis below.
Table 1. Level 1 Hypothesis Testing
Hypothesis
H1: In&Out µ – Buy&Hold µ < 0

Variables
µ: annual return

Null Hypothesis
H01: In&Out µ – Buy&Hold µ = 0

H2: In&Out σ – Buy&Hold σ < 0
H3: In&Out δ – Buy&Hold δ < 0

σ: std. dev. of returns
δ: down. dev. of returns

H02: In&Out σ – Buy&Hold σ = 0
H03: In&Out δ – Buy&Hold δ = 0

In the first-level, one hypothesis (H1) supposes that the mean return of the In&Out
strategy will be less than the mean return of the Buy&Hold strategy. In this case, the null
hypothesis (H01) supposes that the mean returns of the two strategies will be equal, meaning
that the trading algorithm would neither outperform nor underperform the Buy&Hold
strategy on average.
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The second hypothesis (H2) supposes that the average standard deviation of the
In&Out strategy will be less than the average standard deviation of the Buy&Hold strategy.
In this case, the null hypothesis (H02) supposes that the mean standard deviation of the two
strategies will be equal, meaning that the trading algorithm would neither reduce nor
increase the standard deviation experienced by the Buy&Hold strategy on average.
The third hypothesis (H3) supposes that the average downside deviation of the
In&Out strategy will not be less than the average downside deviation of the Buy&Hold
strategy. In this case, the null hypothesis (H03) supposes that the mean downside deviation
of the two strategies will be equal, meaning that the trading algorithm would neither reduce
nor increase the downside deviation experienced by the Buy&Hold strategy on average.
The study uses a series of difference tests to evaluate these hypotheses.

Table 2. Level 2 Hypothesis Testing
Hypothesis
HA: ρ (X,Y) < 0

X
Buy&Hold µ

Y
Relative Return

Null Hypothesis
H0A: ρ (X,Y) = 0

HB: ρ (X,Y) > 0

Buy&Hold σ

Relative Return

H0B: ρ (X,Y) = 0

HC: ρ (X,Y) > 0

Buy&Hold δ

Relative Return

H0C: ρ (X,Y) = 0

The second-level of hypotheses in this study investigates the correlation between
relative performance of the algorithm and factors like annual return, standard deviation,
and downside deviation of the Buy&Hold strategy. Here, one hypothesis (HA) supposes
that a negative correlation exists between the annual returns of the Buy&Hold strategy, and
the relative performance of the In&Out strategy. The null hypothesis (H0A) supposes that
there is no correlation between these variables.
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The second hypothesis (HB) supposes that a positive correlation exists between the
standard deviation of the Buy&Hold strategy, and the relative performance of the In&Out
strategy. The null hypothesis (H0B) supposes that there is no correlation between these
variables.
The third hypothesis (HC) supposes that a positive correlation exists between the
downside deviation of the Buy&Hold strategy, and the relative performance of the In&Out
strategy. The null hypothesis (H0C) supposes that there is no correlation between these
variables. The study uses a series of linear regressions to determine if significant
correlations between these variables exist.
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CHAPTER 4

METHODS

In this section, the study examines the methodology employed throughout. First, it
examines the types of trading strategies employed. Then, it illustrates how the back-testing
model used in the study was developed. Then, the study defines its testing population, along
with the methodology employed to create it. Finally, the study introduces the variables that
are then analyzed in the Results section.
Moving Average Trading Strategy
Moving average trading strategies are trend-following in nature, as they determine
transaction signals by averaging the price of an asset over certain periods (trailing
windows) of time. The moving average rule of Gartley suggests that when an asset’s
current price rises above (falls below) that of its average price over some trailing window,
the asset is considered to be in an up (down) trend, and thus the investor should buy (sell)
the asset.
The strategy employed in this study is a moving average crossover strategy. A
moving average crossover strategy calculates two moving averages with different lengths
and determines transaction signals based on their convergences and divergences. The two
moving averages used in this trading strategy include a long-period moving average of 50
days and a short-period moving average of 10 days. The 50-day moving average is a
commonly used proxy for a 2-month trading period, while the 10-day moving average is a
commonly used proxy for a 2-week trading period. When the short-period moving average
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rises above (falls below) that of the long-period moving average, the underlying asset is
considered to be in an up (down) trend, and thus the investor should buy (sell) the asset.
Effectively, the strategy suggests that when the average price of the asset over the last two
weeks is greater (less) than the average price of the asset over the last two months, it is
time to buy (sell) the asset. Shorter trailing windows are often referred to as fast moving
averages as they respond quicker to recent price action. The longer trailing windows are
referred to as slow moving averages.
Chart 1. Moving average crossover strategy & signals

Chart 1 displays the closing price of SPY, the SPDR S&P 500 ETF, in yellow. The red line
illustrates a 10-day, fast moving average, and a 50-day, slow moving average. When the fast
moving average crosses above(below) the slow moving average, the algorithm will initiate a
buy(sell) order at the following day’s market open. The buy signal is illustrated by the green
arrow, while the sell signal is illustrated by the red arrow.

Chart 1 illustrates the SPDR S&P 500 ETF (SPY) over a three-year period. The
yellow line is the closing price of the SPY, while the red line is a 10-day moving average
and the blue line is a 50-day moving average. The green arrows indicate when the short-
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period moving average crosses above the long-period moving average, which indicates a
buy signal. The red arrows indicate when the short-period moving average falls below the
long-period moving average, which indicates a sell signal.
Simple moving averages are calculated by finding the arithmetic mean of a price
over a trailing period of time. However, the moving averages used in this study are a
category of moving averages called exponential moving averages (EMAs) and are
calculated differently. Rather than using the arithmetic mean, and thus equally weighting
all days within a trailing window, exponential moving averages more heavily weight recent
trading days. Effectively, they suggest more emphasis as to what investors are doing at the
moment. As Marshall et al. (2012) illustrated that moving average strategies outperform
time series momentum strategies due to their ability to respond quicker to recent price
action, we were motivated to apply this version of a moving average strategy that might do
so even more effectively.
Model Creation
The back-testing model developed for this study was built in Google Sheets. The
model uses the Google Finance function to dynamically extract price data for any
exchange-traded security entered. In order for the algorithm to run, the user enters a
security’s ticker symbol and chooses a 10-year testing period. Illustrated by Figure 1, the
model uses the Google Finance function to recall the price history of the entered security
over the 10-year period. The Google Finance functions for open price and close price are
located in cells CH4 and CJ4 respectively, and they output the price data in columns CI
and CK respectively. The moving averages are calculated based on closing prices, but when
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buy and sell signals are determined, the transactions are executed at market open the
following day. The screenshot below displays the Google Finance function.

Figure 1. Google Finance Function

Figure 1 illustrates how the model uses the Google Finance function in cells CJ and CH to output
a security’s daily open price in column CI, and daily closing price in column CK, over the 3-year
time period suggested in cell CL2 through CM2.

Next, we will describe how the back test model calculates EMAs. When calculating
EMAs, it is first necessary to determine the smoothing constant based on the number of
days in the trailing window.
𝑆𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡 =

2
(𝐷𝑎𝑦𝑠 + 1)

The smoothing constant, also known as an exponential multiplier, for the 10-day
period is demonstrated below in Figure 2.
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Figure 2. Calculating smoothing constant

Figure 2 illustrates how the model calculates the smoothing constant for the 10-day moving average
in cell CN2, and for the 50-day moving average in cell CO2.

𝐸𝑀𝐴 89:;< = (𝑃𝑟𝑖𝑐𝑒89:;< ∗ B

𝑆𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔
𝑆𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔
C + 𝐸𝑀𝐴DEFGEH:;< ∗ (1 − B
C)
1 + 𝐷𝑎𝑦𝑠
1 + 𝐷𝑎𝑦𝑠

Illustrated by Figure 3, the model then determines the 10-day and 50-day
exponential moving averages in columns CN and CO respectively.
Figure 3. Calculating exponential moving average (EMA)

Figure 3 illustrates how the model calculates exponential moving averages in columns CN and
CO based on the closing price data found in column CK. The short period moving average is
found in column CN, and the long period moving average is found in column CO.

Next, we will describe how the model uses the moving averages to determine when
to enter and exit positions. Illustrated by the image above, in column CN and CO, the short
(10-day) and long (50-day) exponential moving averages are calculated. Illustrated by the
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image below, the columns CP through CR serve as the signal for the algorithm. By
subtracting the long-period EMA from the short-period EMA, column CP identifies
whether the underlying asset is in an up or down trend. If the difference between the shortperiod EMA and the long-period EMA is positive (negative), the underlying asset is in an
up (down) trend and the strategy should be in (out of) position. Column CQ determines
when there is a crossover and distinguishes what type of transaction will be executed. Then,
column CR identifies the signal and extracts the price at which the transaction will be
executed, based on whether it is a buy or a sell.
The most complex function used in the model is illustrated in Figure 4. Column
CS uses the signals displayed in columns CP through CR to determine when the algorithm
is in position, and thus when to start and stop calculating daily returns.
Figure 4. Calculating daily returns for In&Out strategy

Figure 4 illustrates the formula used in column CS to identify when the strategy should be in
position, based on the signals illustrated in columns CP through CR, and thus when to list daily
returns.

As illustrated by Figure 5, daily returns are summated to determine cumulative
return. Column CU illustrates the cumulative return of the strategy.
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Figure 5. Calculating cumulative returns

Figure 5 illustrates how cumulative return is calculated. Column CT adds 1 to the daily returns
presented in column CS, and then column CU summates the daily returns, and subtracts out 1.

Figure 6 displays the return calculations for the three strategies employed
throughout the study. Demonstrated in blue is the conventional buy and hold strategy.
Demonstrated in red is the moving average crossover strategy. Demonstrated in yellow is
a version of the moving average crossover strategy that invests in a proxy for risk free
securities when out of the market. The model allows the user to choose the annual risk-free
rate. From there, the algorithm determines the daily periodic rate to solve for the daily
returns of the strategy when invested in the risk-free proxy.
Figure 6. Risk free proxy for In&In strategy

Figure 6 illustrates how the model uses a proxy a for the annual risk-free rate, located in cell
CY2, to determine the daily periodic rate, located in cell CZ2. On days when the In&Out is out of
the market, the model uses the daily periodic rate to determine the return of the In&In strategy.
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Testing Population
The development of our testing population was based on the methodology
employed by Marshall et al. (2012) and Han et al. (2012). These studies illustrate the
performance of trend-following trading strategies on different portfolios of stocks. While
the majority of studies that precede 2012 examine either populations of stocks or large cap
indices like the Dow Jones Industrial Average, both of the 2012 studies divide up the U.S.
equity universe based on factors like market capitalization and return volatility, as they
examine the performance of trading strategies across these portfolios of stocks. However,
the studies are largely theoretical, as many of the portfolios observed in the studies are not
represented by investable products.
The intention of this study is to examine the performance of a trading strategy
across portfolios of stocks that are readily available to public investors, such as exchange
traded funds (ETFs). Specifically, we examine a population of ETFs that track valueweighted indices that are assembled and weighted based on the market capitalization of
United States companies. Our testing population includes the largest and most liquid
United States core equity ETFs and includes products from the three largest ETF issuers,
including BlackRock, State Street Global Advisors (SSGA), and Vanguard, as well as one
ETF from Charles Schwab and one ETF from First Trust.
The ETF selection represents a variety of weighted-average market capitalizations
and provides a larger sample set than those of previous empirical studies. To determine our
testing population, we began by examining all the ETFs held on U.S. exchanges. We then
eliminated all asset classes aside from equity and all equity ETFs with exposure to
companies not held on U.S. exchanges. We then eliminated all style ETFs, such as growth
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and value ETFs, as well as all the ETFs that factor in additional considerations in their
construction, such as high dividend payout ratios, low beta, momentum, etc. From this list,
we then eliminated all ETFs that had weighting schemes other than value-weighted,
including those that are equal-weighted or price-weighted, such as DIA, the SPDR Dow
Jones Industrial Average ETF.
We then narrowed this list to the most efficient and liquid ETFs in each asset class,
by using the ETF.com efficiency, tradability, and fit scoring systems. The ETF.com
Efficiency Score illustrates how well a fund delivers on its promises in areas such as cost,
index tracking, and associated risks. This composite score evaluates a fund on factors such
as expense ratios, goodness of fit to benchmark, tracking difference, and a breadth of risk
measurements from structural risks to tax risks and fund closure risks. The ETF.com
Tradability Score illustrates the level of expense and uncertainty that an investor might
encounter when buying or selling a fund in the open market. In doing so, it accounts for
on-screen liquidity at retail levels as well as block liquidity at institutional levels and
considers both fund level metrics and those of the underlying holdings.
The study acknowledges that choosing the most efficient ETFs works counter to
the intention of the study. For example, more efficiently traded ETFs means less
information asymmetry, which, proposed by the hypothesis, should reduce the return
potential of the algorithm. However, this allows the study to control for factors that may
incorporate additional noise into the results. More specifically, choosing the most efficient
ETFs eliminates return differences that stem from drastic differences in the efficiency and
tradability of the portfolios.
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Our final screen eliminated ETFs that did not have 10 years of price data in Google
Finance, whether it was because the funds were launched after 12/31/2008 or because
Google Sheets does not carry their full price histories. Table 1 illustrates our ETF testing
population.
Table 1. Testing population

Table 1 illustrates the testing population used in this study. It is a population of 20 exchange traded
funds (ETFs). Also presented in the table include the asset class of the ETF, the issuer, the weighted
average market capitalization, and the efficiency, tradability, and fit scores as defined by ETF.com.

Testing Period
The ETF was invented by State Street Global Advisors in 1993 with the launch of
the SPDR S&P 500 ETF. Due to this fact, the available testing period is limited to the
relatively short history of this type of investment product. For example, all of the ETFs
examined in this study were launched between 1993 and 2008. Part of the reason we chose
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the period from December 31, 2008 to December 31, 2018 was because we wanted to
observe at least a 10-year period that would include all of the selected ETFs.
Within the 10-year period, we also examined the 5-year, 3-year, and 1-year
lookback periods ending on December 31, 2018. We use these periods as the basis for our
performance analysis, because investment research analysts most often employ these
periods when evaluating the performance of fund managers. While 1-year and 3-year
performance suggests a fund manager’s more recent performance, the 5-year and 10-year
periods are considered to be better measures of an investment manager’s longer-term
performance.
Finally, we wanted to observe a period that had both up and down markets, so we
could observe how the strategy performs in both situations. This study is conducted over a
10-year sample period starting December 31, 2008, immediately following the financial
crisis of 2007 and 2008. This is an intriguing period to examine, as the algorithm is
predetermined to underperform, as illustrated by Hutchinson and O’Brien (2014). In fact,
Hutchinson and O’Brien indicate that in periods following financial crises, the average
returns of trend following strategies are less than half of those in no-crisis periods.
Further, in the first twenty-four months following the start of a crisis, trend
following strategies produce nearly one third of the return earned in no-crisis periods.
Therefore, while one could question whether the study period was cherry picked to
artificially improve the outcome for tested algorithm, we would argue just the opposite; the
starting date of December 31, 2018 is more likely to have had a negative impact on the
algorithm’s performance.
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Selected Variables
In the preceding section, we explained how returns are calculated. Now, we will
explain the other variables used in our analysis. The first is volatility, which we calculate
by using the standard deviation of daily returns across the strategies examined.
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We then annualized the standard deviation for comparison across different annual
time periods. All annualization calculations used in this study assume 250 trading days per
year.
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Figure 7 illustrates the how the model calculates annual standard deviation.
Figure 7. Calculating standard deviation

Figure 7 illustrates how the model calculates annual standard deviation of returns. For the
Buy&Hold strategy, daily returns are illustrated in column AI. In cell AJ4, the STDEV function is
used to determine the standard deviation, coupled with an annualization factor.

As risk-averse investors are primarily concerned with limiting their downside risk,
the next variable we examined was downside deviation. Downside deviation is a measure
of downside risk that only considers the returns that are below the arithmetic mean.
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Below, Figure 8 depicts how the model calculates downside deviation. Column
AK displays only the daily returns that are below the arithmetic mean.
Figure 8. Calculating deviations below the mean

Figure 8 illustrates how the model calculates downside return deviations. For the Buy&Hold
strategy, daily returns are illustrated in column AI. Then, the model displays the return deviations
that are below the arithmetic mean return in column AK.

Illustrated in Figure 9 below, Cell AK4 finds the annualized downside deviation
through finding the standard deviation of the daily returns that are below the arithmetic
mean.
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Figure 9. Calculating annual downside deviation

Figure 9 illustrates how the model calculates annual downside deviation. Similar to how standard
deviation was calculated, cell AK4 identifies the standard deviation of daily returns below the
mean, and multiplies by the annualization factor.

Annual standard deviation of returns was then divided by annual return to solve for
coefficient of variation.
𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 (𝐶𝑉) = B

𝑆𝑇𝐷𝐸𝑉;VVW;M
C
𝑅𝑒𝑡𝑢𝑟𝑛;VVW;M

The coefficient of variation represents the ratio of the standard deviation to the
mean return, measuring the dispersion of data points in a data series around the mean.
Specifically, in finance, the coefficient of variation provides investors with an idea of how
much risk is assumed in comparison to the amount of expected return. If the coefficient of
variation is lower, it indicates a better risk-return trade-off. Figure 11 illustrates how the
model calculates coefficient of variation.

30

Figure 10. Calculating coefficient of variation (CV)

Figure 10 illustrates how the model calculates coefficient of variation (CV). In row 10, CV is
found through dividing the standard deviation of returns found in row 8, by annual return found
in row 7.

Due to the amount of time it requires to run the algorithm, each ETF was tested one
at a time. We copied the data from each test and pasted it into a list on the
“EMAC_Population Summary” sheet. We tested the population in order by weighted
average market capitalization from greatest to least, and all tables and charts are ordered
by this descriptive variable. Figure 11 displays a portion of the outputs generated by the
model.
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Figure 11. Model output

Figure 11 illustrates how the individual outputs of the model are listed by security. All variables
over all time periods are listed in each output. The model then reformats the data in a variety of
ways to generate visual representations of the data by variable.

From here, the model reformats the data in a variety of ways, so it may generate
visual representations of the data including charts and tables. The tables examined
throughout the Results portion are based on a number of tables found in Han et al. (2012).
However, this study does not observe Sharpe ratio, Fama and French three-factor alpha, or
capital asset pricing model (CAPM) alpha. We also do not calculate Jensen’s alpha as
Marshall et al. (2012) does. Instead, the four variables that we consider include average
returns, standard deviation, downside deviation, and coefficient of variation.
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CHAPTER 5

RESULTS

In this section, the study illustrates the performance of the moving average strategy in
comparison with the conventional buy and hold strategy. For simplicity, the study refers to
the conventional buy and hold strategy as the Buy&Hold strategy. Likewise, it refers to the
moving average crossover strategy as the In&Out strategy. This section begins with an
examination of the Buy&Hold strategy across four time periods. The periods examined
include a 10-year, 5-year, 3-year and 1-year period all ending December 31, 2018.
Observing different length periods with a common end date allows the study to observe the
impact of the 2018 market selloff on periods leading up to the selloff. The study’s analysis
then shifts to examine all 1-year periods within the 10-year period so it may examine the
multiple hypotheses proposed.
The four periods have a common end date, meaning they all experience the fourth
quarter selloff of 2018. In this case, the longer periods have more exposure to the postcrisis bull market, and thus the impact of the 2018 selloff is smaller. The shorter, more
recent periods have relatively more exposure to the 2018 selloff, so the impact of the selloff
is relatively larger. This allows the study to examine the influence of the selloff on
strategies that begin at different times.
In 2018, the stock market did poorly, which means the Buy&Hold strategy did poorly.
During this time, the In&Out strategy consistently outperformed the Buy&Hold strategy
across ETFs. In fact, the outperformance relative to the Buy&Hold strategy was greatest
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on the ETFs that performed the worst during the period. This is because the trading
algorithm exited the positions relatively more effectively on the ETFs that went on to
experience the largest selloffs. In the 1-year period, the smaller cap ETFs experienced the
most dramatic selloffs. In fact, the smaller the weighted average market capitalization of
the ETF, the worse was the performance of the Buy&Hold strategy, and thus the better was
the relative performance of the In&Out strategy. The objective of this study is to answer
the question why? More specifically, the study tries to determine the relationship between
the relative performance of the In&Out strategy and variables like annual return, standard
deviation, and downside deviation of the Buy&Hold strategy. The study is primarily
motivated by the tendency of the trading algorithm to outperform during market selloffs,
and thus examines factors that may be driving the relative performance of the algorithm.
Throughout the first part of the Results section, the study examines the performance of
the Buy&Hold strategy and illustrates the impact of the selloff on all four periods. Then,
the study examines the performance of the In&Out strategy and the impact of the 2018
selloff on annual returns. Next, the study examines the performance of the In&Out strategy
relative to the Buy&Hold strategy, and illustrates the effect of the 2018 selloff on the
relative performance throughout the different time periods.
Later in this section, the study examines the individual, 1-year periods within the 10year window as to draw conclusions with a greater level of statistical significance. In this
section, the study also includes 2008 to incorporate an additional down market period to
the sample. In doing so, the study uses a variety of statistical tests to draw conclusions
about each hypothesis individually. Within the Hypothesis Testing subsection, the study
uses difference of mean tests (t-tests) to examine its first-level hypotheses and linear
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regressions to examine its second-level hypotheses. The t-tests allow the study to conclude
with significance that the trading strategy underperforms the Buy&Hold strategy over a 1year period, on average. Although it underperforms over a 1-year period on average, the
trading algorithm consistently reduces both the standard deviation and the downside
deviation of the underlying investment. In periods where there are sharp selloffs, the
In&Out strategy’s ability to reduce the impact of the selloff leads to outperformance. The
linear regression tests allow the study to conclude with statistical significance that the
relative performance of the In&Out strategy is correlated not only with the annual return
of the Buy&Hold strategy, but also with the standard deviation and downside deviation of
the Buy&Hold strategy as well.
Buy&Hold Strategy Analysis
This section begins with a high-level examination of the Buy&Hold strategy, followed
by subsections that examine the variables individually. In this section, a series of
illustrations help visually display the data observed throughout the course of the study. The
tables below are sorted by weighted average market capitalization and color-coordinated
based on asset class. Within each testing period, the study examines four variables:
annualized return, standard deviation, downside deviation and coefficient of variation over
the four testing periods and across all ETFs. Below each table is a list of statistical measures
to provide further information about each variable. Table 2 illustrates the results of the
Buy&Hold strategy over the 10-year, 5-year, 3-year and 1-year periods.
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Table 2. Buy&Hold Strategy Analysis

Table 2 illustrates the performance of the Buy&Hold strategy across the ETF population, over
the selected time periods. Within each time period, the table illustrates the annual return, standard
deviation, downside deviation, and CV of each ETF. The statistical variables at the bottom allow
for further interpretation.

Following the Financial Crisis of 2007-2008, the mean annual return of the testing
population over the 10-year period ending December 31, 2018 was 10.96%. Despite the
long bull market, in December of 2018, the SPDR S&P 500 ETF (SPY) fell 14.87% from
its 52-week high in late September of 2018. On average, the testing population experienced
an annual loss of 10.51% in 2018. Over the 10-year period, the large cap and total market
ETFs performed the best on average, followed by the mega cap ETFs, small cap ETFs and
micro cap ETFs. The mid cap ETFs performed the worst during this period. Similar to the
10-year period, the larger capitalization ETFs outperform the smaller capitalization ETFs
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on average throughout the 5-year period. With the exception of the micro cap ETFs, the
smaller cap ETFs outperform the larger cap ETFs in the 3-year period, while the smaller
cap ETFs consistently outperform the larger cap ETFs in the 1-year period. We will
examine each of these variables individually in the following sections.
Buy&Hold Annual Returns
Within the following charts, the ETFs are organized by weighted average market
capitalization, with OEF, the iShares Mega Cap ETF on the far left, and IWC, the iShares
Micro Cap ETF on the far right. The ETFs are color-coordinated based on their asset class.
For example, the mega cap ETFs are illustrated in red, the large cap ETFs are illustrated in
green, the total market ETFs are illustrated in yellow, the mid cap ETFs are illustrated in
blue, the small cap ETFs are illustrated in purple, and the micro cap ETFs are illustrated in
pink
Chart 2 illustrates the annual returns of the Buy&Hold strategy across the ETFs,
over the four testing periods. Over the 10-year, 5-year, and 3-year periods, all of the ETFs
had positive returns. Over the most recent 1-year period, however, all of the ETFs had
negative returns, with large cap ETFs outperforming small cap ETFs.
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Chart 2. Buy&Hold Annual Return

Chart 2 illustrates the annual returns of the Buy&Hold strategy across the ETF population, over
the selected time periods.

This is primarily due to the late fourth quarter selloff that occurred in 2018. All four
testing periods have exposure to the selloff as they all end in December 31st, 2018. In the
shorter and more recent time periods, the impact of the selloff on the performance of the
Buy&Hold strategy was more significant, where the smaller, more volatile ETFs such as
FDM and IWC performed the worst. Conversely, OEF and MGC, the largest ETFs by
market cap, performed the best during the 1-year period. Despite the fact that the smaller
cap ETFs experienced a worse selloff in 2018 than the larger cap ETFs, the smaller cap
ETFs still managed to outperform the larger cap ETFs in the 10-year period, due to their
momentous growth throughout the period. However, in the shorter, more recent periods,
the heightened selloffs of the smaller cap ETFs relative to the larger cap ETFs caused the
smaller cap ETFs to underperform the larger cap ETFs in the 5-year and 3-year periods.
Buy&Hold Standard Deviation
Here, we examine the level of volatility through looking at the standard deviation
of returns of the Buy&Hold strategy. Chart 3 illustrates the standard deviation of the
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Buy&Hold strategy across the ETFs being tested. As expected, the small cap ETFs were
generally more volatile than the large cap ETFs, over the 10-year period. In fact, over all
periods, the small cap ETFs were the most volatile. Over all periods aside from the 1-year
period, the mega cap ETFs were the least volatile. The return volatility during the 5-year
and 3-year periods was very comparable across ETFs, with the smaller cap ETFs exceeding
the volatility of the larger cap ETFs on average. The ETFs were consistently more volatile
during the 1-year period than they were during the 5-year and 3-year periods.
Chart 3. Buy&Hold Standard Deviation

Chart 3 illustrates the standard deviation of the Buy&Hold strategy across the ETF population,
over the selected time periods.

Buy&Hold Downside Deviation
As long-only investors are not generally concerned about the upside volatility of
their investments, the study compares the level of downside deviation of the Buy&Hold
strategy. Chart 4 displays the downside deviation of the Buy&Hold strategy over the
selected time periods. During the 10-year period, the small and micro cap ETFs had the
highest level of downside deviation where the large cap ETFs had the lowest. During the
5-year and 3-year periods, the level of downside deviation was relatively consistent across
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ETFs, with the exception of the small cap ETFs. In the 1-year period, the ETFs experienced
a higher level of downside deviation compared to the 5-year and 3-year periods. In the
same period, mega cap ETFs had the highest level of downside deviation, where the mid
cap ETFs generally had the lowest. It is interesting to note that the larger cap ETFs had
more downside deviation in the 1-year period than they did throughout the 10-year period.
Chart 4. Buy&Hold Downside Deviation

Chart 4 illustrates the downside deviation of the Buy&Hold strategy across the ETF population,
over the selected time periods.

Buy&Hold Coefficient of Variation
Chart 5 illustrates the coefficient of variation of the Buy&Hold strategy across our
ETF population. If the coefficient of variation is lower, it indicates a better risk-return
trade-off. As illustrated by the charts below, over the 10-year, 5-year, and 3-year periods,
the large cap ETFs generally had a better risk-return trade-off, as defined by the coefficient
of variation. Note, however, that a negative CV can result when returns are negative. Thus,
a negative CV shouldn’t necessarily be interpreted as “low” and therefore a better riskreturn tradeoff. A negative CV can be difficult to interpret. In one sense, when observing
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a negative CV, a less negative CV would imply a better risk-return trade off due to lower
losses.
Illustrated by the chart, the larger cap ETFs consistently had a lower CV, and thus
a better risk-return tradeoff throughout the 10-year, 5-year, and 3-year periods. Displayed
in Chart 2 and Chart 3 the smaller ETFs underperformed the larger ETFs in the 3-year
and 5-year periods and experienced a higher level of standard deviation in both periods.
These observations are reflected in the CV ratio, below. In the 5-year period, the smaller
ETFs achieved their returns by assuming a higher amount of risk, and thus the risk-return
tradeoffs, as demonstrated by the CV ratio, were higher.
Chart 5. Buy&Hold Coefficient of Variation (CV)

Chart 5 illustrates the CV of the Buy&Hold strategy across the ETF population, over the selected
time periods.

In&Out Strategy Analysis
Here, the study examines the In&Out strategy in the same format as it did the
Buy&Hold strategy. First, the study presents the data gathered during the observed periods,
across the selected variables. The tables below are sorted by weighted average market
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capitalization, which is found in the second column. Within each testing period, the study
examines four variables: annualized return, standard deviation, downside deviation and
coefficient of variation over the four testing periods and across all ETFs. Below each table
is a list of statistical variables to better illustrate the data sets. Table 3 illustrates the results
of the In&Out strategy over the 10-year, 5-year, 3-year and 1-year periods.
Table 3. In&Out Strategy Analysis

Table 3 illustrates the performance of the In&Out strategy across the ETF population, over the
selected time periods. Within each period, the table illustrates the annual return, standard deviation,
downside deviation, and CV of each ETF. The statistical variables at the bottom allow for further
interpretation.

Following the Financial Crisis of 2007-2008, the mean annual return of the In&Out
strategy across the testing population over the 10-year period ending December 31, 2018,
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was 6.61%. In terms of annual return, the In&Out strategy underperformed the Buy&Hold
strategy significantly during this period. However, in the 1-year period, the testing
population experienced an annual loss of only 3.51% compared with the 10.51% loss
exhibited by the Buy&Hold strategy on average.
Similar to the Buy&Hold strategy, over the 10-year period, the large cap and total
market ETFs performed the best on average, followed by the mega cap ETFs, small cap
ETFs and micro cap ETFs. The mid cap ETFs performed the worst during this period.
Throughout the 5-year and 3-year periods, the performance of the In&Out strategy across
the testing population was more varied. In the 5-year period, the mega caps performed the
best, followed by the large caps, mid caps, small caps and total market ETFs. The micro
cap ETFs performed the worst. In the 3-year period, the small cap ETFs performed the
best, followed by the large caps, the mid caps, and the mega cap ETFs. The total market
and micro cap ETFs performed the worst.
In&Out Annual Returns
Chart 6 illustrates the In&Out performance across the ETFs being tested. Similar
to the Buy&Hold strategy, the In&Out strategy exhibited positive returns in the 10-year,
5-year, and 3-year periods. Whereas the Buy&Hold strategy exhibited negative returns
across all ETFs in the 1-year period, the In&Out exhibited positive returns with the
following ETFs: IWM, IJR, SLY and IWC. The listed ETFs represent four of the five
smallest ETFs in the sample.
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Chart 6. In&Out Annual Return

Chart 6 illustrates the annual returns of the In&Out strategy across the ETF population, over the
selected time periods.

In&Out Standard Deviation
Chart 7 illustrates the standard deviation of the In&Out strategy across the ETFs
being tested. Similar to the Buy&Hold strategy, the small cap ETFs are generally more
volatile than the large cap ETFs, especially as the time frame gets longer. During the 3year period, the mid cap, small cap and micro cap ETFs experienced a standard deviation
of 11.10%, 13.25% and 13.44% respectively on average. During the same time period, the
mega cap, large cap, and total market ETFs experienced a standard deviation of 10.18%,
10.11%, and 10.0% respectively on average. This illustrates that the algorithm was more
volatile across smaller ETFs during this period. This relationship is nearly constant
throughout the 5-year period, and further exaggerated during the 10-year period, with
smaller cap ETFs far exceeding the standard deviation of larger cap ETFs.
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Chart 7. In&Out Standard Deviation

Chart 7 illustrates the standard deviation of the In&Out strategy across the ETF population, over
the selected time periods.

In&Out Downside Deviation
Chart 8 illustrates the downside deviation of the In&Out strategy over the selected
time periods. Similar to the Buy&Hold strategy, during the 10-year period, the small and
micro cap ETFs had the highest level of downside deviation, whereas the large cap ETFs
had the lowest. During the 5-year and 3-year periods, the level of downside deviation was
relatively consistent across ETFs. In the 1-year period, mega cap ETFs had the highest
level of downside deviation, where the mid cap ETFs generally had the lowest. This makes
sense as the algorithm was able to reduce the downside deviation the most on the ETFs
with the sharpest selloffs.
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Chart 8. In&Out Downside Deviation

Chart 8 illustrates the downside deviation of the In&Out strategy across the ETF population, over
the selected time periods.

In&Out Coefficient of Variation (CV)
Chart 9 illustrates the coefficient of variation of the In&Out strategy across ETFs
over the selected time periods.
Chart 9. In&Out Coefficient of Variation (CV)

Chart 9 illustrates the CV of the In&Out strategy across the ETF population, over the selected time
periods.

As the Buy&Hold strategy exhibited negative returns across all ETFs over the 1year period, the Buy&Hold CV across ETFs in the 1-year period was negative. However,
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as the In&Out strategy exhibited positive returns across the majority of small cap ETFs in
the 1-year period, it also exhibited a positive CV in those situations. Although the algorithm
was not consistently positive throughout the ETFs over the 1-year period, the CV of the
strategy was consistently less negative than that of the Buy&Hold strategy in the 1-year
period. We will further examine the comparative performance between the In&Out strategy
and the Buy&Hold strategy in the next section.
Relative Performance Analysis
Here, the study examines the level of performance of the In&Out strategy relative
to the Buy&Hold strategy. In the table below, the positive (negative) values listed in the
annual return columns indicate that the In&Out strategy on the corresponding ETF
outperformed the Buy&Hold strategy. Similarly, the values listed in the standard deviation
(STDEV) and downside deviation columns (DownDEV) are adjusted to present
information the same way. In other words, positive integers represent an outperformance
in terms of the corresponding variable. For example, with OEF, the In&Out achieved a
relative standard deviation of 3.45%, which means that the In&Out strategy experienced
3.45% less standard deviation than that of the Buy&Hold strategy. Illustrated by the table,
the In&Out strategy reduced the volatility and downside volatility compared to the
Buy&Hold strategy across all situations.
Conversely, the negative (positive) values listed in the coefficient of variation (CV)
column suggest that the In&Out strategy decreased (increased) the CV with the
corresponding ETF, which indicates a better (worse) risk-return trade-off. For example, in
the case of the iShares Mega Cap ETF (OEF), the Buy&Hold strategy achieved 9.84%
average return over the 10-year period, while the In&Out strategy achieved an average
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return of 5.94% over the same period. As illustrated by Table 6, the algorithm achieved
3.91% less annual returns than that of the Buy&Hold strategy over the 10-year period.
Additionally, the In&Out strategy reduced the standard deviation of returns of the
Buy&Hold strategy by 3.45%, while reducing the downside deviation of the portfolio by
2.70%, and effectively improving the coefficient of variation of the Buy&Hold by 48.38%.
In fact, although the algorithm underperformed the Buy&Hold strategy across all ETFs
over the 10-year period, the In&Out strategy achieved its returns at a lower risk-return
tradeoff then the Buy&Hold strategy as demonstrated by a lower CV ratio. Because the CV
ratio of the In&Out strategy was lower across all ETFs over the 10-year period, the relative
CV ratio is negative.
Similar to the 10-year period, in the 1-year period, the relative CV ratio across the
ETF population was negative, meaning the In&Out strategy achieved its returns through
assuming a lower amount of risk than the Buy&Hold strategy. This is especially relevant
as the values in the annual return column during the 10-year are positive across the ETF
population. Not only did the In&Out strategy outperform the Buy&Hold strategy across all
ETFs during the 1-year period, it also achieved its returns at a lower level of risk, on
average.
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Table 4. In&Out Relative Analysis

Table 4 illustrates the performance of In&Out strategy relative to the Buy&Hold strategy across
the ETF population, over the selected time periods. Within each time period, the table illustrates
the annual return, standard deviation, downside deviation, and CV of each ETF. The statistical
variables at the bottom allow for further interpretation.

In&Out Relative Annual Return
Chart 10 illustrates the relative annual returns between the In&Out and the
Buy&Hold strategies. If positive (negative), the In&Out strategy outperformed
(underperformed) the Buy&Hold strategy on the corresponding ETF. Over the 10-year and
5-year period, the In&Out strategy consistently underperformed the Buy&Hold strategy
across the testing population. However, during the 3-year period, the In&Out strategy
outperformed the Buy&Hold strategy across more than half of the ETFs. Outperformance
was primarily concentrated in small and mid cap ETFs. During the 1-year period, the
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In&Out strategy outperformed the Buy&Hold strategy on all observed ETFs. The level of
outperformance was greatest among small cap ETFs and weakest among total market
ETFs.
Chart 10. In&Out Relative Annual Return

Chart 10 illustrates the annual return of the In&Out strategy relative to the annual return of the
Buy&Hold strategy across the ETF population, over the selected time periods.

Illustrated by Chart 10, the In&Out strategy underperformed when the returns of
the Buy&Hold strategy were positive. In these cases, the small cap ETFs underperformed
by the greatest margin. As demonstrated by the graph, over the 10-year and 5-year periods,
the In&Out strategy underperformed the Buy&Hold by a significant margin. However,
during the 3-year period, the In&Out strategy outperformed the Buy&Hold strategy on
more than half of the ETFs. Outperformance was most heavily concentrated among small
and mid cap ETFs. During the 1-year period, the In&Out strategy outperformed the
Buy&Hold strategy across all observed ETFs. The level of outperformance was greatest
among small cap ETFs and weakest among total market ETFs.
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In&Out Relative Standard Deviation
The study calculates relative standard deviation the same way it calculates relative
return. Simply, the standard deviation of the Buy&Hold strategy is subtracted from the
standard deviation of the In&Out. Illustrated in Chart 11, the algorithm reduced the
volatility of ETFs across all ETFs over all four time periods. In the 1-year period, the
algorithm reduced the standard deviation of MDY, the SPDR Mid Cap ETF, from 16.16%
to 11.20%, which is a reduction of 4.96%. During the 10-year, 5-year, and 3-year periods,
the algorithm reduced the volatility of large cap ETFs the most. During the 1-year period,
the algorithm reduced the volatility of the small and mid cap ETFs the most.
Chart 11. In&Out Relative Standard Deviation

Chart 11 illustrates the standard deviation of the In&Out strategy relative to the standard deviation
of the Buy&Hold strategy across the ETF population, over the selected time periods.

The In&Out strategy outperformed in terms of relative annual returns across all
ETFs during the 1-year period. As illustrated by Chart 11, the algorithm generally has a
tendency to reduce the volatility of the Buy&Hold strategy. Despite these two facts, the
algorithm increased the volatility of the mega cap, large cap, and total market ETFs during
the 1-year period. We further investigate this relationship in the next section.

51

In&Out Relative Downside Deviation
Chart 12 illustrates the level of downside deviation of the In&Out strategy, relative
to the Buy&Hold strategy. In all scenarios, the In&Out strategy reduces the downside risk
of the Buy&Hold strategy. Relative to the Buy&Hold strategy over the 1-year period, the
In&Out strategy eliminated more downside deviation with mid cap and small cap ETFs
than it did with large cap ETFs. This was a significant driver of the In&Out strategy’s
outperformance during this time period.
Chart 12. In&Out Relative Downside Deviation

Chart 12 illustrates the downside deviation of the In&Out strategy relative to the downside
deviation of the Buy&Hold strategy across the ETF population, over the selected time periods.

Chart 11 illustrates that the algorithm exhibits a higher level of standard deviation
than the Buy&Hold strategy across the mega cap, large cap, and small cap ETFs during the
1-year period. However, Chart 12 illustrates that the algorithm experienced less downside
deviation than the Buy&Hold strategy across these ETFs, meaning the algorithm managed
to add upside volatility to those investments. This is an interesting observation as it is not
often the case.
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In&Out Relative Coefficient of Variation
Chart 13 illustrates the coefficient of variation of the In&Out strategy relative to
the coefficient of variation of the Buy&Hold strategy. If negative, the algorithm reduces
the coefficient of variation, thus improving the risk-return trade-off and vic versa.
Illustrated by the chart, during the 3-year and 1-year period, the algorithm reduces the
coefficient of variation throughout the majority of ETFs. During the 10-year and 5-year
periods, the coefficient of variation was increased by the algorithm.
Chart 13. Relative Coefficient of Variation (CV)

Chart 12 illustrates the downside deviation of the In&Out strategy relative to the downside
deviation of the Buy&Hold strategy across the ETF population, over the selected time periods.

In&Out Relative Analysis by Asset Class
As we have an uneven number of ETFs within each category of market
capitalization, we find the mean relative performance of the ETFs within each category in
order to illustrate a sense of how the asset classes performed as a whole. Table 8 is
formatted the same way as previous tables, only it illustrates the mean performance of asset
classes, rather than the individual performance of the ETFs.
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Table 5. In&Out relative analysis

Figure 10 illustrates the performance of the In&Out strategy relative to the Buy&Hold strategy
across the four variables observed, over the four selected time periods.

During the 10-year period, the In&Out strategy underperformed by varying degrees
across the different market capitalization categories. The mean describes that the average
relative performance between the In&Out strategy and the Buy&Hold strategy was an
underperformance of 4.10%. While the mean Buy&Hold return across asset classes was
10.81%, the mean In&Out return across asset classes was 6.71%. Midcap, small cap and
microcap ETFs underperformed the mean here, while large cap, mega cap, and total market
ETFs outperformed the mean. The worst relative performer was the small cap population
as it underperformed the Buy&Hold strategy by 5.38% on average. The best relative
performer was the large cap population as it underperformed the Buy&Hold strategy by
3.00% on average.
During the 5-year period, the In&Out strategy underperformed by varying degrees
across the different categories of market capitalization. The average relative performance
between the In&Out strategy and the Buy&Hold strategy was an underperformance of
3.18%. While the mean Buy&Hold return across asset classes was 4.90%, the mean
In&Out return across asset classes was 1.72%. In this period, total market, large cap, and
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mega cap ETFs underperformed the mean on average, while small cap, mid cap, and micro
cap outperformed the mean on average. The worst relative performer was the total market
population as it underperformed the Buy&Hold strategy by 4.45% on average. The best
relative performer was the small cap population as it underperformed the Buy&Hold
strategy by 1.94% on average.
During the 3-year period, the In&Out strategy displayed both outperformance and
underperformance across the different categories of market capitalization. The mean
describes that the average relative performance between the In&Out strategy and the
Buy&Hold strategy was an underperformance of 0.18%. While the mean Buy&Hold return
across asset classes was 5.82%, the mean In&Out return across asset classes was 5.63%.
The mid cap and small cap ETFs outperformed the mean by a substantial margin, while the
rest of the categories underperformed the mean. The worst relative performer was the total
market population as it underperformed the Buy&Hold strategy by 1.50% on average. The
best relative performer was the mid cap population as it outperformed the Buy&Hold
strategy by 1.35% on average.
During the 1-year period, the In&Out strategy outperformed the Buy&Hold
strategy across all categories of market capitalization, on average. The mean describes that
the average relative performance between the In&Out strategy and the Buy&Hold strategy
was an outperformance of 6.74%. While the mean Buy&Hold return across asset classes
was -10.14%, the mean In&Out return across asset classes was 3.40%. The mid cap, small
cap, and micro cap ETFs significantly outperformed the mean on average, while the total
market, large cap, and mega cap ETFs significantly underperformed the mean on average.
The worst relative performer was the total market population as it outperformed the
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Buy&Hold strategy by 0.94% on average. The best relative performer was the small cap
population as it out performed the Buy&Hold strategy by 14.41% on average.
Hypothesis Testing
This study has two levels of hypotheses, with three hypotheses in each level. In the
first level, one hypothesis (H1) supposes that the mean return of the In&Out strategy will
be less than the mean return of the Buy&Hold strategy. In this case, the null hypothesis
(H01) supposes that the mean returns of the two strategies will be equal, meaning that the
trading algorithm neither outperforms nor underperforms the Buy&Hold strategy with
statistical significance. In order to test this hypothesis, we use SPSS Statistics to run four
difference in mean tests (t-tests).
Difference in Means Tests
Table 6 illustrates the results of the difference tests between the In&Out and
Buy&Hold strategies. The four variables displayed on the left are annual return, standard
deviation, downside deviation and coefficient of variation.
Table 6. Independent Samples Test
In&Out
Mean

Buy&Hold
Mean

Mean Difference

t-stat

p-value

1

Annual Return

7.06%

7.94%

-0.88%

-0.525

<0.001

2

Standard
Deviation

14.43%

18.28%

-3.84%

-5.665

<0.001

3

Downside
Deviation

13.45%

17.71%

-4.25%

-8.755

<0.001

4

Coeff. of Var. (CV)

3.114

7.244

-4.129

-0.89

>0.05*

*statistically insignificant
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In the first row, the mean annual return of the In&Out Strategy is 7.06% while the
mean annual return of the Buy&Hold strategy is 7.94%. The difference is -0.88%, meaning
the In&Out underperformed the Buy&Hold strategy by 0.88% on average. As illustrated
by the p-value, the results of the t-test are statistically significant, so the study may reject
the null hypothesis that the variance of the two populations is the same. The finding that
the algorithm will underperform the Buy&Hold strategy in a 1-year period on average, is
consistent with our observations throughout the study. It is presumed that the algorithm
will underperform by a greater extent if examined over a longer period. Additionally, the
study acknowledges the fact that the presence of the two large selloffs periods (2008 &
2018) may be inflating the mean return of the In&Out strategy. Regardless, the more the
algorithm outperforms during selloffs, the greater is the value added by the strategy during
such periods.
In the second row, the mean standard deviation of the In&Out strategy is 14.43%
while the mean standard deviation of the Buy&Hold strategy is 18.28%. The difference is
-3.844%, meaning the In&Out strategy experienced 3.844% less volatility than the
Buy&Hold strategy on average. As both the p-value and t-statistic illustrate that the results
of the difference test are statistically significant, the study may reject the null hypothesis
that the variance of the two populations is the same. By rejecting the null hypothesis, the
study concludes that the trading algorithm reduces the standard deviation of the underlying
investment, compared to the Buy&Hold strategy.
In the third row, the mean downside deviation of the In&Out strategy is 13.45%
while the mean downside deviation of the Buy&Hold strategy is 17.07%. The difference
is -4.25%, meaning the In&Out strategy experienced 4.25% less downside deviation than
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the Buy&Hold strategy on average. As both the p-value and t-statistic illustrate the results
of the difference test are statistically significant, we may reject the null hypothesis that the
variance of the two populations is the same. By rejecting the null hypothesis, the study
concludes that the trading algorithm reduces the downside deviation of the underlying
investment, compared to the Buy&Hold strategy.
The study also examines the coefficient of variation (CV) of each population, in
order to compare the two strategies using a measure for risk-adjusted return. The study did
not propose a hypothesis related to CV as periods of negative annual return mathematically
result in negative CV values, which are often difficult to interpret. In order to create a
meaningful difference test, the study eliminates all negative CV values in both samples.
Thus, the difference test examines the CV of both strategies only during periods of positive
annual return.
In order to structure the difference test, the study hypothesizes that the mean CV of
the In&Out strategy will be lower than the mean CV of the Buy&Hold strategy.

Table 7. Additional Hypothesis
Hypothesis

Null Hypothesis

HCV: In&OutCV – Buy&HoldCV < 0

H0CV: In&OutCV – Buy&HoldCV = 0

As illustrated in the fourth row, the mean CV of the In&Out strategy is 3.114 while
the mean CV of the Buy&Hold strategy is 7.244. The difference is -4.129, meaning the
trading strategy reduced the CV of the Buy&Hold strategy by 4.129 on average. In other
words, the algorithm experienced a lower standard deviation per unit of return achieved.
For a risk averse investor who is willing to sacrifice a portion of returns to limit the
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volatility of his/her investments, the moving average strategy depicted in this study is a
viable trading strategy. However, as demonstrated by the p-value of this test, the study is
unable to reject the null hypothesis that the CV values of the two populations are the same.
The results suggest the CV values of both populations could be different, however a larger
sample would be needed.
Linear Regression Analysis
In this section, the study examines factors that may be driving the
out(under)performance of the algorithm relative the conventional buy and hold strategy.
This study refers to this comparative performance as relative performance, which is
calculated by subtracting the performance of the Buy&Hold strategy from the performance
of the In&Out strategy. In doing so, the study observes the level of correlation between the
relative performance of the algorithm and variables such as annual return, standard
deviation, and downside deviation of the Buy&Hold strategy. In other words, the study
investigates if a correlation exists between the relative performance of the In&Out strategy
and the level of return achieved or risk undertaken by the Buy&Hold strategy. Our three,
second-level hypotheses suggest that (HA) an inverse correlation exists between relative
performance and Buy&Hold strategy performance, while a positive correlation exists
between relative performance and both (HB) standard deviation and (HC) downside
deviation.
First, HA assumes that an inverse correlation exists between the relative
performance of the In&Out strategy, and the annual returns of the Buy&Hold strategy. In
order to test this hypothesis, the study uses SPSS Statistics software to run a linear
regression using the two variables.
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Table 8. Regression Summary*
Beta
t
p-value
(Constant)
3.14
4.809 <0.001
BHreturn

-0.507 -17.313

r

<0.001 0.787

r-square
0.619

*Predictors: (Constant, BHreturn). Dependent Variable: Relative Return

Illustrated in blue, the results indicate a correlation coefficient (R) of .787 which
indicates a strong positive correlation between the two variables. Here, the coefficient of
determination (R2) of .619, indicates that the regression model accounts for 61.9% of the
variability of the dependent variable, and thus the model well fits the data. As the results
are statistically significant, the study is able to conclude against the null hypothesis that
suggests there is no correlation between these variables. However, as the correlation is
positive, these results are inconsistent with our relative return hypothesis that suggests a
negative correlation between these variables exists. A positive correlation between relative
return and the Buy&Hold strategy return does not tell the whole story. For example, the
relative performance of the In&Out strategy is higher when the Buy&Hold strategy
performs worse. We will examine this relationship further in the following section.
Next, it is important to evaluate the regression beta coefficients. The beta
coefficient is the degree of change in the outcome variable for every one-unit of change in
the predictor variable. Because the beta coefficients of all three second-level hypotheses
are statistically significant, we refer to the sign of the beta coefficient for further
information. A positive beta coefficient suggests that for every one-unit increase in the
predictor variable, the outcome variable will increase by the beta coefficient value.
Conversely, a negative beta coefficient suggests that for every one-unit increase in the
predictor variable, the outcome variable will decrease by the beta coefficient value.
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Illustrated in blue is the beta coefficient of the linear regression. Here, the beta
coefficient of this regression is -.507. Because the results are statistically significant, we
may assume that for every one percent increase in return of the Buy&Hold strategy, the
relative return decreases by 0.507%. This explains the presupposition of HA that observed
a negative relationship between the relative return and the Buy&Hold return exists. This
presupposition is inconsistent with the findings of the study, as the outperformance
experienced by the In&Out strategy during large market selloffs is not explained by an
inverse correlation between the two variables, but rather a negative beta coefficient. The
following tables represent the beta coefficients of the following two regressions.
Second, HB supposes that a positive correlation exists between the relative
performance of the In&Out strategy and the standard deviation of the Buy&Hold strategy.
In other words, the study seeks to determine if the relative performance of the algorithm is
correlated to the level of volatility experienced by the Buy&Hold strategy. In order to test
this hypothesis, the study uses SPSS Statistics software to run a linear regression.
Table 9. Regression Summary*
Beta
t
p-value
(Constant)
BHreturn

r

-20.119 -12.78 <0.001
1.052 13.602 <0.001 0.678

r-square
0.459

*Predictors: (Constant, BHstdev). Dependent Variable: Relative Return

Illustrated in blue, the results indicate a correlation coefficient (R) of .678 which
indicates a strong positive correlation between the two variables. Here, the coefficient of
determination (R2) of .459, indicates that the regression model accounts for 45.9% of the
variability of the dependent variable, and thus the model fits the data fairly well. As the
results are statistically significant, we are able to conclude against the null hypothesis that
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suggests that no correlation exists between these variables. As the correlation is positive,
these results are consistent with HB.
A positive correlation suggests that as the standard deviation of the Buy&Hold
strategy increases, the relative performance of the algorithm increases. This is consistent
with our observations of outperformance across the ETF population throughout the study.
For example, the more volatile ETFs experienced a greater degree of outperformance
during the selloff in the 1-year period.
Illustrated in green, the beta coefficient of this regression is 1.052. Because the
results are statistically significant, the study may assume that for every one percent increase
in standard deviation of the Buy&Hold strategy, the relative return increases by 1.052%.
This finding is not only consistent with HB but it defines the degree to which the standard
deviation affects the relative performance of the algorithm. As indicated by the study, the
greater the standard deviation of the investment, the greater will be the performance of the
algorithm relative to the Buy&Hold strategy.
Third, HC supposes that a positive correlation exists between the relative
performance of the In&Out strategy and the downside deviation of the Buy&Hold strategy.
In other words, the study attempts to determine if the relative performance of the algorithm
is correlated to the level of downside volatility experienced by the Buy&Hold strategy. In
order to test this hypothesis, the study uses SPSS Statistics software to run a linear
regression.

62

Table 10. Regression Summary*
Beta
t
p-value
(Constant)
BHreturn

-20.837
1.127

-8.684
8.83

<0.001
<0.001

r

r-square

0.513

0.263

*Predictors: (Constant, BHdowndev). Dependent Variable: Relative Return

The results indicate a correlation coefficient (R) of .513 which indicates a moderate
positive correlation between the two variables. Here, the coefficient of determination (R2)
of .262 indicates that the regression model accounts for 26.3% of the variability of the
dependent variable, and thus the model doesn’t fit the data particularly well. However, as
the results are statistically significant, the study is able to conclude against the null
hypothesis that suggests there is no correlation between these variables. As the correlation
is positive, these results are consistent with HC.
A positive correlation between these two variables illustrates that as the downside
deviation of the Buy&Hold strategy increases, the relative performance of the algorithm
increases as well. This observation is the basis for the assertion that the algorithm observed
in this study adds value to an investment strategy during periods of heightened selloffs.
Similar to the beta coefficient of the standard deviation regression, the beta
coefficient of this regression is positive. In fact, it is 1.127%. Because the results are
statistically significant, we may assume that for every one percent increase in the downside
deviation of the Buy&Hold strategy, the relative return increases by 1.127%. This finding
is not only consistent with HC but it defines the degree to which the downside deviation
affects the relative performance of the algorithm. As indicated by the study, the greater the
downside deviation of the investment, the greater will be the outperformance of the
algorithm relative to the Buy&Hold strategy.
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CHAPTER 6

CONCLUSION

The results of the study agree with the empirical literature that suggests markets are
efficient and trend following strategies will underperform a conventional buy and hold
strategy in the majority of situations (Malkiel et al., 1970; Fama et al., 1996, Hutchinson
et al., 2014). In fact, the algorithm used in the study underperforms the buy and hold
strategy by 0.88% during a 1-year period on average. Although it achieves less return on
average, it reduces the standard deviation and downside deviation of the buy and hold
strategy by 3.84% and 4.25% respectively. This means that the algorithm consistently
experiences less risk and downside risk than the conventional buy and hold strategy on
average.
Although the study agrees that markets are mostly efficient, the results of the study
suggest that moving average strategies are capable of revealing temporary inefficiencies,
especially during heightened market selloffs. For example, study illustrates that an
algorithmic trading strategy based on technical indicators, when applied to exchange traded
funds (ETFs), can outperform a conventional buy and hold strategy during periods of
recessions and heightened market selloffs. During these periods, the level of
outperformance across the testing population is correlated to the level of volatility,
downside deviation, and annual return demonstrated by the buy and hold strategy across
the testing population.
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The study illustrates that the most volatile ETFs outperform the buy and hold
strategy the most during these selloffs. For example, the 2007-2008 Financial Crisis and
the fourth quarter selloff of 2018 allowed the algorithm to outperform the conventional buy
and hold strategy across all ETFs during these periods. Additionally, across these periods,
the algorithm outperformed the most across micro cap ETFs, while outperforming the least
across total market ETFs. Excluding total market ETFs from the sample, the weighted
average market capitalization of the ETFs corresponded with the outperformance of the
algorithm. For example, if the ETFs are sorted by weighted average market capitalization,
they are also inversely sorted by outperformance. In other words, the algorithm
outperformed the buy and hold strategy more on the smaller cap ETFs than it did on the
larger cap ETFs.
This is because the smaller cap ETFs experienced greater selloffs during the
periods observed and were consistently the more volatile assets. While the ETFs in the
population were selected based on weighted average market capitalization, the statistical
models used in the study do not examine weighted average market capitalization as a
variable. Instead the study employs a series of difference of mean tests to examine the
hypotheses that suggest the annual returns, standard deviation, and downside deviation of
the algorithm are statistically different than those of the buy and hold strategy on average.
In fact, the tests illustrate that the algorithm underperforms the buy and hold strategy by
0.88% on average, while reducing the standard deviation and downside deviation of the
buy and hold strategy by -3.84% and 4.25% respectively.
The study then uses a series of linear regressions to determine the level of
correlation between the relative performance of the algorithm across the ETFs, with the
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annual return, standard deviation, and downside deviation across the ETF population. The
results of the regressions support the hypotheses that suggest that correlations exist across
the three variables. In fact, this study concludes that all three variables are positively
correlated to the relative performance of the algorithm.
In addition to positive correlations, standard deviation and downside deviation also
exhibit positive beta coefficients during the regressions. In fact, the study illustrates that
for every 1% increase in the standard deviation of the buy and hold strategy, the relative
performance of the algorithm increases by 1.052% on average. Additionally, for every 1%
increase in the downside deviation of the buy and hold strategy, the relative performance
of the algorithm increases by 1.127% on average.
While these variables demonstrated positive regression coefficients, annual return
exhibited a negative beta coefficient. In fact, the beta coefficient of the regression model is
-0.507% indicating that for every 1% increase in the annual returns of the buy and hold
strategy, the relative performance of the algorithm decreases by 0.507% on average. This
explains the tendency for the algorithm to underperform in most situations, while also
explaining the tendency for the trading algorithm to outperform the buy and hold strategy
during periods of negative annual returns.
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CHAPTER 7

DISCUSSION

The intention of this study was to examine how the performance of an algorithmic
trading strategy relative to a conventional buy and hold strategy varied across portfolios of
stocks. The methodology employed in this study was motivated by earlier research that
examined the impact of information uncertainty on trading strategy performance, using
multiple proxies such as standard deviation of returns and market capitalization among
others (Han et al., 2012; Marshall et al., 2012). Both studies examined a variety of stock
indices made available by the Center for Research in Security Prices (CRSP). Marshall et
al. (2012) examined quintile indices organized by market capitalization and return
volatility, while Han et al. (2012) examines decile indices that include other proxies for
information uncertainty including analyst forecast dispersion and distant to default among
others. Both studies find consistent outperformance throughout the portfolios when
organizing the results by the observed proxies. For example, the trading algorithms
performed the best on the portfolios with the highest level of return volatility.
The results of this study revealed no significant differences from the central
findings of earlier studies. However, this study contributed to past empirical research
through applying a similar methodology of Han et al. (2012) and Marshall et al. (2012) to
exchange traded portfolios of stocks (ETFs), rather than stock indices. In doing so, this
study illustrates that the theoretical findings of the preceding studies are consistent when
examined across ETFs.
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Additionally, the study hypothesized that the trading algorithm would outperform
the conventional buy and hold strategy during recessionary periods and periods of
heightened selloffs. In fact, the algorithm was specifically chosen based on its ability to do
so. As the results of the study supported the multiple hypotheses examined, the study was
able to conclude in favor of the value added to an investment strategy when one employs
this trading algorithm through recessionary periods. Based on these results, the study
adheres to the optimism of Jegadeesh et al. (1993) in supporting the use of trading
algorithms to execute specific objective functions. In the context of this study, the specific
objective function of the observed algorithm is to reduce the impact of heightened market
selloffs on investment returns. This study concludes that the examined moving average
crossover strategy can do so, while reducing risk and downside risk in the process.
In terms of the application of the research, the algorithm should be seriously
considered by investors, today. When comparing the current bull market to its historical
averages, it is defensible to suggest that the United States equity market is in its late stages
of the market cycle. For example, the peak to peak market cycle averages eight years in
length, while the current bull market has lasted over ten years.
Additionally, one of the most popular recessionary indicators is demonstrated by
the interest rate environment in the United States, and thus the yield curve of United States
Treasury securities. Specifically, when the yield curve inverts, it signals to investors that
long-term debt instruments have a lower yield than short-term debt instruments of the same
credit quality. There has been a historical consistency between yield curve inversions and
succeeding recessionary periods. For example, excluding the most recent inversion, the
United States Treasury yield curve inverted nine times since 1962. Seven of the nine
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inversions were followed by a recession within 19 months. Since 1962, yield curve
inversions precede recessions by 14 months on average.
In March of 2019, the yield curve inverted for the first time since 2007. Based on
the historical significance of an inversion as recession indicator, it is defensible to assume
that a recession will occur at some point in the near future. To a risk-averse investor
interested in hedging his/her portfolio to mitigate the effect of the recession on the value
of his/her investments, employing a moving average crossover strategy could be of value.
Especially to the investor who is indifferent about sacrificing a portion of upside return
potential in order to mitigating downside risk, a moving average crossover strategy could
especially add value. A moving average crossover strategy should also be considered by
the investor whose portfolio consist of particularly risky investments, as he/she will benefit
the most by employing the strategy through a recession.
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CHAPTER 7

RECOMMENDATIONS FOR FUTURE RESEARCH

In this section, the study illustrates recommendations for future iterations of the
study and related works in the discipline. In doing so, it first examines the shortcomings
of the study. The study acknowledges that the return numbers examined within the study
may deviate from reality for a variety of reasons. To name a few, the transaction costs and
tax implications of the trading strategy were not factored into returns. The consideration of
these factors would negatively impact the returns of the algorithm relative to the buy and
hold strategy, as the trading algorithm would result in increased transaction costs and
taxation at the marginal income tax rate.
Additionally, the model examined in the study assumes that transactions were
always executed at a security’s open price, which might not always be true. This could
have positively or negatively affected the performance of the trading algorithm relative to
the buy and hold strategy. Next, the study calculates returns based on price appreciation,
which may not reflect the total returns of all ETFs used in the study. Future iterations of
the study should more closely examine the way the ETFs in the sample disburse dividends
and capital gains to investors.
In addition to shortcomings, this study also examines areas of expansion for future
research. First, future iterations of this study should incorporate the risk-free rate at
multiple stages throughout the study. For example, more explanatory risk-adjusted return
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calculations such as the Sharpe ratio, Treynor Ratio, and Jensen’s alpha are better measures
for risk-adjusted return then the coefficient of variation.
Additionally, the model used in the study is constructed in a way that allows the
user to input a proxy for the risk-free rate with each back test. However, this requires the
user to make an assumption of the risk-free rate, which might not be the same within each
period examined. As the study examines different length periods, the model would need to
be further developed to assume the correct risk-free rate based on the observed period.
In addition to the In&Out strategy, the model also examines a version of the trading
algorithm that invests into a proxy for the risk-free rate while the algorithm is not in
position. The model allows the user to input the risk-free rate each time the algorithm is
run. Again, this presents the challenge associated with assuming the correct risk-free rate.
Although the alternative version of the algorithm was not examined in this study, it is
important to acknowledge that this version of the strategy increases the returns of the
primary algorithm in nearly all scenarios.
While this study illustrates that a moving average crossover strategy adds value
during periods of heightened selloffs, it does not examine when to begin using the strategy,
and when to switch back over to a buy and hold strategy. Thus, future iterations of the
study should examine the most profitable time to begin using the strategy. An interesting
approach would be to employ the algorithm following different recession indicators, such
as the inversion of the United States Treasury yield curve. The study might then compare
the performance of the strategy across the different starting points. As illustrated in the
literature review, the algorithm is likely to underperform in periods following recessions,
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so it would also be important to determine when it is most profitable to return to the buy
and hold strategy.
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APPENDIX A: FORMULAS

𝑆𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔 𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡 =

2
(𝐷𝑎𝑦𝑠 + 1)

𝐸𝑀𝐴 89:;< = (𝑃𝑟𝑖𝑐𝑒89:;< ∗ B

𝑆𝑇𝐷𝐸𝑉:;LM<

𝑆𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔
𝑆𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔
C + 𝐸𝑀𝐴DEFGEH:;< ∗ (1 − B
C)
1 + 𝐷𝑎𝑦𝑠
1 + 𝐷𝑎𝑦𝑠

P𝑟𝑒𝑡𝑢𝑟𝑛L − 𝑟𝑒𝑡𝑢𝑟𝑛;REH;SE T
= NO
𝑛−1

U

U

𝑆𝑇𝐷𝐸𝑉;VVW;M

P𝑟𝑒𝑡𝑢𝑟𝑛L − 𝑟𝑒𝑡𝑢𝑟𝑛;REH;SE T
= NO
∗ √250
𝑛−1

𝐷𝑜𝑤𝑛𝐷𝐸𝑉:;LM<

= NO

(𝑟𝑒𝑡𝑢𝑟𝑛L − 𝑟𝑒𝑡𝑢𝑟𝑛;REH;SE )U 𝑤ℎ𝑒𝑟𝑒 𝑟L < 𝑟;REH;SE
𝑛−1

𝐷𝑜𝑤𝑛𝐷𝐸𝑉;VVW;M = NO

(𝑟𝑒𝑡𝑢𝑟𝑛L − 𝑟𝑒𝑡𝑢𝑟𝑛;REH;SE )U 𝑤ℎ𝑒𝑟𝑒 𝑟L < 𝑟;REH;SE
∗ √250
𝑛−1

𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 (𝐶𝑉) = B

𝑆𝑇𝐷𝐸𝑉;VVW;M
C
𝑅𝑒𝑡𝑢𝑟𝑛;VVW;M
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